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ABSTRAC Clonal evolution in myelodysplastic syndrome (MDS) can result in clinical progres-

sion and secondary acute myeloid leukemia (SAML). To dissect changes in clonal
architecture associated with this progression, we performed single-cell genotyping of paired MDS
and sAML samples from 18 patients. Analysis of single-cell genotypes revealed patient-specific
clonal evolution and enabled the assessment of single-cell mutational cooccurrence. We discovered
that changes in clonal architecture proceed via distinct patterns, classified as static or dynamic,
with dynamic clonal architectures having a more proliferative phenotype by blast count fold change.
Proteogenomic analysis of a subset of patients confirmed that pathogenic mutations were primarily
confined to primitive and mature myeloid cells, though we also identify rare but present mutations in
lymphocyte subsets. Single-cell transcriptomic analysis of paired sample sets further identified gene
sets and signaling pathways involved in two cases of progression. Together, these data define serial
changes in the MDS clonal landscape with clinical and therapeutic implications.

SIGNIFICANCE: Precise clonal trajectories in MDS progression are made possible by single-cell genomic
sequencing. Here we use this technology to uncover the patterns of clonal architecture and clonal
evolution that drive the transformation to secondary AML. We further define the phenotypic and tran-

scriptional changes of disease progression at the single-cell level.

See related article by Menssen et al., p. 330 (31).

See related commentary by Romine and van Galen, p. 270.

INTRODUCTION

For patients with myelodysplastic syndromes (MDS), the
transformation to secondary acute myeloid leukemia (SAML)
brings poor therapeutic response and a significantly short-
ened lifespan (1-3). Mutated hematopoietic cells exist within
a complex ecosystem, where both intrinsic and extrinsic
forces influence the process of clonal evolution (4, 5). This
clonal evolution is fundamental to disease progression and
therapeutic resistance in MDS and sAML (6-11). Founda-
tional studies using bulk next-generation sequencing have
leveraged mutational frequencies and statistical modeling
to impute the clonal identity and extract patterns of clonal
evolution (10, 12, 13). Whole-genome sequencing data first
demonstrated that approximately 85% of bone marrow cells
in seven MDS patients were clonal and that at least one new
pathogenic mutation accompanied progression to sAML (8).
In each of the cases reported, clonal evolution occurred
through the linear acquisition and expansion of new mutant
subclones. A subsequent study investigated 11 patients with
samples at MDS and sAML by whole-exome sequencing
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combined with a larger cohort of 44 MDS-to-sAML samples
analyzed via targeted sequencing (12). This analysis demon-
strated that clonal evolution could occur through either the
linear evolution of subclones or branching evolution, with
clonal competition from parallel subclones (12). A recent
review summarized these and other published studies com-
paring the genetics of paired MDS and sAML samples and
confirmed that linear and branching patterns occur (14). Fur-
thermore, they revealed that signaling and transcription fac-
tor mutations are more abundant at sSAML, whereas almost
all mutations present in MDS samples persist in SAML. Ulti-
mately, however, bulk DNA sequencing (DNA-seq) is not able
to directly confirm cell-specific mutational identities.

Novel approaches using single-cell DNA-seq (scDNA-seq)
have enabled precise clonal assignments (13). This technol-
ogy provides a key advantage by defining mutational presence
within single cells of mutationally diverse samples. Single-cell
sequencing has already provided insights regarding the heter-
ogeneity of the MDS stem cell pool and the presence of clonal
competition within this pool (13). High-throughput scDNA-
seq has also recently been leveraged by a number of research-
ers to investigate clonal evolution in clonal hematopoiesis, as
well as myeloid and lymphoid malignancies (15-22). Results
from these studies have revealed mutational associations,
genotype/phenotype relationships, and the increasing clonal
complexity of myeloid malignancies throughout the course
of therapy (15, 16, 22). Furthermore, a recent study analyzing
alarge cohort of AML data has found that clonal heterogene-
ity, mutational frequency, evolution pattern, and mutational
order correlate with clinical outcomes (23). Thus, under-
standing clonal architecture and change over time could lead
to translational impact in myeloid malignancies.

Given these advances in single-cell genotyping and poten-
tial clinical impact, we hypothesized that scDNA-seq would
better characterize clonal shifts upon MDS progression. Here,
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we use single-cell genomics to analyze clonal, phenotypic, and
transcriptional changes in paired samples of MDS and sAML.

RESULTS

per sample (range, 209-9,792 cells/sample) and 169,352 reads
per cell (range, 12,016-1,834,736; Supplementary Fig. S1B and
S1C; Supplementary Table S2). Single-cell variant allele fre-
quencies (VAF) were overall well correlated with results from
bulk-sequencing (R = 0.75, P < 0.0001, Pearson correlation;

Single-Cell DNA Sequencing of Paired Samples
Resolves Mutational Characteristics of MDS and sAML

Using an scDNA-seq amplicon panel composed of 45 com-
monly mutated genes, we analyzed 37 paired longitudinal
bone marrow samples from 18 patients (Fig. 1A; Supplemen-
tary Fig. S1A). The mutational landscape for all samples is
depicted in Fig. 1B, whereas patient characteristics for the
cohort are shown in Supplementary Table S1. A total of
136,710 individual cells were genotyped, averaging 3,695 cells

Supplementary Fig. S1D). Variants in ASXLI were genotyped
at a low frequency by scDNA-seq, which others have observed
(18). The calculated median allele dropout (ADO) rate was
between 1.9% and 15.8% per sample, with a median of 6.80%
overall, consistent with previously published ADO rates for
this platform (Supplementary Table S3; refs. 17, 24, 25). We
identified 50 pathogenic or likely pathogenic recurrent muta-
tions (44 unique mutations) within 50 clones (Fig. 1B and C;
Supplementary Fig. S1C; Supplementary Table S4). As
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Figure 2. Single-cell mutational identities define clonal evolution. A, UpSet plot depicting comutational occurrences in MDS and sAML clones. The
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variants in the dominant clone. Mutations in the genes listed in the green circle occurred only in minor clones at either MDS or sAML. Font size is repre-

sentative of the number of times mutations were observed in each gene.

expected, the number of mutations correlated with the num-
ber of clones per sample (Supplementary Fig. S1E). We further
characterized gene functional categories in our cohort. We
found mutations in genes from six functional categories,
similar to previously published categories, but with some
minor differences in gene composition from these studies
(Supplementary Table S3; refs. 26-29). Using functional cat-
egories for mutations in myeloid malignancy, 14 of the muta-
tions were epigenetic (which included mutations in DNMT3a4,
IDH1/2, TET2, ASXL1, and BCOR), 11 were signaling (which
included FLT3, JAK2, NF1, NRAS, KRAS, and PTPN11), 9 were
in TPS3, 7 were splicing (which included U2AF1, SRSF2, and
SF3B1), 3 were in transcription factors (which included GATA2
and ETV6), and 6 mutations in genes outside of these catego-
ries (which included SETBPI, WT1, and NPMI; Fig. 1C; refs.
14, 26). The number of mutations and clones did not differ
between MDS and sAML (Fig. 1D and E). TP53 (18%, 9/50
mutations) and DNMT3A (8%, 4/50) were the most frequently
mutated genes in the cohort. Al DNMT3A variants were the
R882H missense variant, whereas variants in TP53 differed in
each instance. Missense mutations accounted for most vari-
ants detected by single-cell sequencing (37 total, 31 unique;
Fig. 1B). The mean scVAF for identified pathogenic mutations
at MDS increased at SAML (24.2% vs. 33.1%, P = 0.0002 by the
paired Wilcoxon rank-sum test; Fig. 1F). Within the patient
cohort, all but one patient was treated with a DNA methyl-
transferase inhibitor (DNMTi; 17/18), either decitabine or

azacitidine for MDS, but therapy differed thereafter and at
SAML (Supplementary Table S1).

Single-Cell Mutational Identity Defines MDS
Clonal Architecture

scDNA-seq clarified the cooccurrence of pathogenic vari-
ants within individual cells. The two most common intra-
clonal mutational cooccurrences were IDH2/DNMT3A (three
individuals) and IDH2/SRSF2 (three individuals; Fig. 2A; Sup-
plementary Fig. S2A). Other mutational cooccurrences were
notable, including both cases of subclonal SETBPI mutations
(patients 4 and 12) coexisting with TP53 mutations. Four
patients had two pathogenic mutations in the same gene. Of
these, three cooccurred in the same subclone (ETV6, TET2,
and TP53), and one was found in two separate subclones
(PTPN11; Fig. 2B). Such subclonal competition was common
in cases with RAS pathway mutations (classified as PTPN11,
KRAS, NRAS, and NFI). Two cases of MDS/sAML harbored
at least two distinct subclones with different RAS pathway
mutations (patients 3 and 4; Fig. 2C). Competing parallel
subclones with RAS pathway mutations were also observed in
an independent cohort in six additional RAS family mutants,
as well as in previous scDNA investigations of AML (15, 30,
31). The presence of signaling mutations was enriched in
samples with branching clonal evolution in our cohort (6/6
cases branching cases with signaling mutations, 0/12 with-
out, Fisher exact test, P = le—5; Fig. 2C and D). We further
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Table 1. Cooccurrence of RAS pathway mutations in MDS
GeneA  GeneB Neither AnotB  BnotA Both Log, Oddsratio  Pvalue gvalue  Tendency
NRAS KRAS 3,600 447 139 45 1.383 <0.001 <0.001 Cooccurrence
NRAS PTPNI1 3,566 448 173 44 1.018 <0.001 <0.001 Cooccurrence
KRAS PTPNI11 3,846 168 201 16 0.866 0.025 0.038 Cooccurrence
NRAS NF1 3,062 442 94 3 -2.177 0.001 0.003 Mutual exclusivity

referenced publicly available genomic data from a data set of
MDS samples representing 4,231 samples/patients using the
cBioPortal to analyze RAS pathway mutation cooccurrence
(19, 32, 33). Here, we confirmed statistically significant cooc-
currences of two RAS pathway mutational pairs, including
NRAS and KRAS (q < 0.001), NRAS and PTPN11 (q < 0.001),
and KRAS and PTPN11 (q < 0.038). NRAS and NFI were mutu-
ally exclusive (q = 0.003; data set was queried on KRAS, NRAS,
PTPN11, and NFI mutations; Table 1).

Overall, the mutational number and heterogeneity did not
differ between MDS and sAML. The mean number of muta-
tions per clone was similar between disease states (2.15 and 2.25,
respectively; two-tailed Student ¢ test, P=0.62; Supplementary
Fig. S2B), as was the Shannon diversity index of subclones
(Supplementary Fig. S2C). We further analyzed mutations in
dominant, or most abundant, clones in each case. DNMT3A
and TET2 mutations were present in the founding, or earliest
detectable clone if founding clone was not identified, except
for two cases in which a TET2 mutation occurred following
a previous DNMT3A or TET2 mutation (patients 2 and 3;
Supplementary Fig. S3A-S3C). When present, DNMT3A and
TET2 mutations were always found in the dominant clone
in sSAML (5/5 cases). TP53 variants appeared in both the
dominant and founding clones in 87.5% (7/8) of cases with at
least one TP53 mutation. Similarly, variants in TP53 were the
most common to occur as the sole variant in a clone, with 18
TPS3-only clones detected in the cohort (Fig. 2A). Variants in
the genes PTPN11, IDHI, and FLT3 occurred in the dominant
clone only upon progression to sAML, though they were
found in a small number of cells in the corresponding MDS
samples (Fig. 2E; Supplementary Fig. S4).

Progression of MDS Occurs via Distinct Patterns
of Clonal Evolution and Architecture Change

To test the hypothesis that changes in the mutational land-
scape accompany disease progression, we analyzed the clonal
phylogenies and changes from MDS to sAML in each patient.
In this analysis, we distinguished between the pattern of clonal
evolution, which can be inferred from scDNA-seq data from
one sample and articulates the sample’s phylogenetic his-
tory, and the pattern of clonal architecture change, which is
defined by comparison of clonal frequencies between at least
two samples (Figs. 2C and 3A). For each case, we analyzed both
patterns of clonal evolution and clonal architecture change.
We found that most patients (67%, 12/18) displayed linear
clonal evolution (defined based on scDNA data), in which
only one subclone arises from any previous clone or subclone.
The remaining six cases demonstrated branching clonal evo-
lution (Supplementary Fig. S3). With respect to clonal archi-
tecture change, we identified three distinct patterns: static

and dynamic, which were further classified based on the type
of clonal change (SNV or chromosomal; Fig. 3A). Six of 18
patients (33.3%) exhibited a Static clonal architecture, which
displayed minimal clonal change (<10% change for any minor
clone) and without the emergence of a new dominant clone
(e.g., patient 3; Fig. 3B). The second pattern consisted of an
emergent dominant clone in sAML (5/18, 27.8%), indica-
tive of a subclonal sweep coinciding with progression (e.g.,
patient 2; Fig. 3B; ref. 5). Here, we define an emergent domi-
nant subclone as a clone that was small or undetectable in
the MDS sample. Given that these variants were detected by
scDNA-seq, we call this pattern Dynamic SNV (Dynamic-S).
In all Static and all but two Dynamic-S cases, karyotypes were
normal or had fewer than three abnormalities (Supplemen-
tary Table S1). The third group (38.9%, 7/18) displayed mini-
mal changes in single-cell variant-defined clonal architecture,
like the Static group; however, this group was characterized
by karyotypes which increased in complexity at SAML, repre-
senting a dynamic-chromosomal landscape (e.g., patient 11;
Fig. 3B). Thus, we termed this group Dynamic-Chromosomal
(Dynamic-C). Though performed on a small number of single
cells, clinical karyotypes can identify the subclonal architec-
ture of large genetic changes. Dynamic-C cases demonstrated
clonal evolution marked by increasing loss or gain of chromo-
somal material, including new deletions of partial and whole
chromosomes, duplications, and translocations. Rather than
small driver mutations (detected via amplicon sequencing)
defining the clonal structure, as in the Dynamic-S group,
transformation in this pattern coincided with a deteriorat-
ing chromosomal landscape, with numerous gains or losses
of chromosomal material (karyotype shown for patient 11;
Fig. 3C and D; list of changes for all Dynamic-C patients in
Supplementary Table S6).

We further investigated the existence of these patterns in
MDS progression using data from an independent cohort
(31). Among 12 cases that were analyzed with whole-genome
sequencing for which a clonal analysis was done, we identi-
fied one case of static evolution (UPN 280498), whereas the
remaining 11 represented a dynamic change in clonal archi-
tecture (6 Dynamic-S and 5 Dynamic-C cases; ref. 31).

Clinical Correlates of Clonal Evolution

There was a significantly higher blast fold change (log,
scale) in the combined Dynamic group (Supplementary
Fig. S4A). Blast fold change did not correlate with time to
progression, and time between samples was similar among
the groups (Supplementary Fig. S4B). A comparison of blast
fold change within each group demonstrated a significantly
greater blast increase in Dynamic-S compared with Static
cases (Supplementary Fig. S4C and S4D). The Dynamic-C
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Figure 3. scDNA-seq characterizes clonal trajectories during disease progression. A, Representative TimeScape plots of the three types of clonal
progression observed in the cohort. B, Clonal prevalence over time of three patients, each with a distinct pattern of clonal progression from MDS to sAML:
Static, Dynamic SNV, and Dynamic Chromosomal, respectively. The leftmost clone in each plot is the parent clone from which all cells were derived (no
mutations detected). Karyotypes at (C) MDS and (D) sAML for patient 11 demonstrating dynamic-chromosomal clonal progression. E, Kaplan-Meier curve of
sAML survival when the signaling mutation was present in the dominant clone. F, Kaplan-Meier curve for TP53 samples when present in the dominant clone
(for both Kaplan-Meier curve, log-rank test P value is shown). G and H, Mutation type distribution per clonal architecture and clonal evolution pattern.

group had significantly fewer pathogenic mutations and
clones (by scDNA-seq) compared with patients with Static
or Dynamic-S clonal evolution (Supplementary Fig. S4E and
S4F). The cohort had three patients with treatment-related
MDS, 2 of 7 patients in the Dynamic-C group and one patient
in the Dynamic-S group. There was no statistically significant
difference in survival after sSAML among the groups, though
median survival for all patients was dismal at only 106 days
(Supplementary Fig. S4G). Though survival did not vary
based on the clonal architecture change, we hypothesized
that the mutational identity of the sAML-dominant clone
could correlate with the outcome. In a univariate analysis,
the presence of a signaling mutation or the presence of a
TP53 mutation in the dominant SAML subclone was found to
correlate with SAML survival (Fig. 3E and F). To understand
the multivariate effect of these mutations, we calculated a
Cox proportional hazards model for death based on age over
60, sex, TP53 status, and IPSS-R. In this model, signaling
(HR = 559; 95% CI, 15.6-2 x 10*) and TP53 (HR = 15.7; 95%
CI, 2-118) mutations in the dominant sAML subclone were
both associated with increased risk of death (P = 0.0005 and
P =0.007, respectively; Supplementary Table S7; Supplemen-
tary Fig. SSA-SSE; residuals of model). An IPSS-R group of
intermediate (I) was associated with decreased risk of death
in the model (HR 0.003; 95% CI, 0.00003-0.25 and HR 0.03;
95% CI, 0.003-0.47, respectively; Supplementary Table S7).

Characteristic Genomic Changes Accompany
Dynamic Clonal Architecture

We next characterized the genomic alterations of each
architectural change or clonal evolution pattern (Fig. 3G
and H; Supplementary Fig. S3). The Dynamic-C group was
enriched for TP53 mutations (6/7 within the group vs. 2/11
in other groups, Fisher exact test, P = 0.009; Fig. 3G). As the
disease progressed, the allele burden of TP53 mutations or
deletions increased in all cases (Supplementary Table S6;
Supplementary Fig. S3C). Increased TPS53 allelic state at
the sample level has recently been associated with worse
outcomes in MDS; thus, it is not surprising that single-
cell TPS3 allelic state would increase at progression (34,
35). By contrast, signaling mutations often accompanied
Dynamic-S architectural change (36). Here, we observed an
enrichment of signaling mutations in the dominant, or larg-
est, subclone of Dynamic-S sAML samples compared with
all other samples (3/5 vs. 0/13, Fisher exact test, P = 0.01;
Fig. 3G), which included two FLT3 tyrosine kinase domain
(TKD) mutations (patients 2 and 17) and a PTPN11 muta-
tion (patient 4; Supplementary Fig. S3B). We also observed
a similar enrichment of signaling mutations in cases with
branching clonal evolution (Fig. 3H).

Within some cases, the variant that ultimately defined the
dominant subclone at disease progression was often detected
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at MDS in fewer than 10 cells. However, the presence of these
exact mutations in larger numbers at a second, or third, time
point, allowed us to confirm these rare cells as subclones in
the MDS sample. In patient 2, the MDS-to-sAML transition
was characterized by the acquisition of an FLT3 mutation
to the DNMT3A + TET2 clone that dominated the MDS
mutational landscape (Fig. 4A). The growth of the FLT3
clone in this patient progressed rapidly, with the diagnosis
of SAML made just two months later. One cell in the MDS
sample was found to have an FLT3 mutation, yet this muta-
tion was present in 68% of cells sequenced at SAML (Fig. 4A).
In patient 4, the PTPN11G503A clone and the KRASG12A
clone were found in two cells and one cell, respectively, at
MDS, but these mutations were in 71% and 3.5% of total cells
sequenced at SAML (Fig. 4B). Analysis of three samples (two
MDS and one sAML) from patient S found only three cells
at the first MDS timepoint with an IDHIR132H mutation.
All mutations were undetectable at a second, posttreatment,
time point, and then the IDHI clone became the dominant

clone (60% of cells) in driving recurrent disease in sAML
(Fig. 4C). Despite its ability to capture some mutations in
a small number of cells, scDNA-seq did not detect an FLT3-
internal tandem duplication (ITD) for one patient in the
Dynamic-S group (patient 17), which was present on bulk-
sequencing at a VAF of 0.31 in the MDS sample. Interestingly,
this patient was treated with sorafenib with azacitidine after
this MDS sample was collected and subsequently gained an
FLT3-TKD mutation, while losing the FLT3-ITD in sAML, a
known resistance mechanism to sorafenib and other FLT3
inhibitors (37).

Clonal Mutations Are Enriched in Primitive and
Mature Myeloid Cells and Rare in Lymphoid Cells

To dissect genotype/phenotype relationships, we used
scDNA-seq combined with antibody-oligonucleotide conju-
gates (AOC) for key cell-surface markers on hematopoietic
cells (Supplementary Table S8; refs. 15, 16, 38). Three MDS/
sAML sample pairs (six samples) were stained, sequenced, and
analyzed. Two of these sample sets were from the Dynamic-S
cohort (patients 14 and 17), whereas the third was from the
Static cohort (patient 18). To visualize cellular organization
based on immunophenotype, we embedded AOC data in
a two-dimensional map using uniform manifold approxi-
mation and projection (UMAP) combined with hierarchical
density-based clustering (HDBSCAN) to visualize the data
(39). Each cluster was assigned a cell type name based on
the expert assessment of immunophenotype, though given
the limited panel size, assignment of cell identity overlapped
across clusters. For patient 17, the visualization of single-cell
genotypes on the surface-marker-based UMAP revealed a
strong bias of all three mutations for myeloid cells, though
rare T cells and NK cells did harbor mutations (Fig. SA
and B). Single-cell visualization of surface-marker abundance
identified primitive and mature myeloid cells as well as lym-
phocyte populations (Fig. 5C). In patient 18, primitive cells
show a large expansion at SAML, including hematopoietic
stem and progenitor-like cell clusters, from MDS to sAML
(Fig. 5D-F). Similarly, the visualization of genotypes within
individual cells revealed rare mutant T and NK cells harbor-
ing mutant genotypes (Fig. SE and F). Analysis of mutated
versus nonmutated cells for founding mutations in patients
17 and 18 (SF3B1 K666N and IDH2 R172K, respectively) in
all cell clusters demonstrated rare mutations in all lymphoid
cell subsets identified as well as MDS to sAML increase in
more primitive cell types (Fig. SG and H). Analysis of patient
14 data revealed a similar enrichment of mutations in the
primitive (CD117* cell cluster) and rare mutations in T cells
(Supplementary Fig. S6A-S6F).

Single-Cell RNA Sequencing Identifies
Transcriptional Changes Associated with
MDS Progression

We performed single-cell RNA sequencing (scRNA-seq)
on both MDS and sAML samples of patients 3 and 17 to
examine transcriptional changes that define MDS therapy
resistance and progression. These cases both feature domi-
nant clone signaling mutations, but different clonal architec-
ture changes (dynamic vs. static). Analysis of paired samples
allowed each patient’s MDS sample to serve as a baseline
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Figure 5. Combined protein and DNA analysis reveals mutational identities of both myeloid and lymphoid lineages. A, UMAP embeddings (patient 17)

mapped on cell-surface marker levels colored by samples or by HDBSCAN clu

sters. Clusters were identified by immunophenotype and named for cell type

by immunophenotype. B, Genotypes are shown for each mapped cell (only cells for which each genotype was known). Code for each variant is no mutation
(NM), heterozygous (Het), or homozygous (Hom). C, Surface-marker expression of major markers used to define cell type. D-F, Similar to A-C, but with

patient 18. G and H, Cell cluster-based analysis of the proportion of mutated

to dissect transcriptional changes in the sAML sample. We
visualized samples from each patient’s scRNA-seq data with
UMAP, followed by clustering and expert naming of cell sub-
sets (Fig. 6A and B; refs. 39, 40).

In patient 17, we confirmed the presence of both early and
more mature myeloid leukemia cells seen in the sample with
the clinical pathology data, which identified approximately
45% blast and blast equivalents in the SAML (which included

cells MDS to sAML for SF3B1 (patient 17) or IDH2 (patient 18).

myeloblasts, monoblasts, and promonocyte-like cells in this
acute myelomonocytic leukemia). Clinical flow cytometry
identified similar numbers of primitive myeloblasts [15% of
whole bone marrow (WBM) cells, positive for CD34] and
more promonocyte-like blast equivalents (19% of WBM, nega-
tive for CD34), confirming the heterogeneity seen with both
of our single-cell modalities (Fig. 6A). Overall, clusters within
the primitive clusters increased from MDS to sSAML, whereas
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the mature cells decreased slightly (Fig. 6B). To facilitate a
comparison of transcriptional profiles based on disease time
point and cell type, we computationally merged the primitive
(HSPC-, GMP/promyelocyte-, and myelocyte-like) and mature
(promonocyte- and monocyte-like) myeloid clusters into two
metaclusters, primitive and mature (Fig. 6C). We performed
a similar analysis with patient 3, which had a static architec-
ture with stable dominant KRAS and minor NRAS subclones,
which differed from patient 17 in that both early and mature
metaclusters were made up of only one subcluster and both
population had large increases at SAML relative to other cell
types (Fig. 6D-F). We next performed differential expression
(DE) and single-cell gene set enrichment analysis (scGSEA)
on pseudo-bulk transcriptional data from the primitive and
mature metaclusters from MDS or sAML for each patient
(Fig. 6G-K; Supplementary Fig. S7A-S7D). The expand-
ing primitive metacluster from patient 17 demonstrated
an increase in signaling molecules, including CXCL8 (IL8),
CXCL3, RELB, and NR4A2. Additionally, there were increases
in suppressors of signaling pathways, NFKBIA, SOCS3, and
the surface receptor LILRB4, which has been implicated in
leukemia immune escape (Fig. 6G; ref. 41). Downregulated
in this primitive cluster were genes involved in the differen-
tiation of myeloid cells, including KLF2 and KLF6 (42). Top
gene sets for primitive cells from patient 17 sAML included
those related to cell-cycle progression and TNFo signaling
via NF-kB, whereas interferon-o. and interferon-y signaling
were enriched in the MDS sample (Fig. 6H). Within the
primitive cell cluster for patient 3, some of the top transcripts
with increased expression in sSAML included signaling genes
(JUND, FOSLI), intermediate filament gene vimentin (VIM),
and surface-marker genes associated with leukemia stem cells
(CDS2, CDY99, and CD44; Fig. 6I; refs. 43-46). Interestingly,
patient 3 demonstrated enrichment in gene sets for TGFp and
TNFa signaling in sSAML, as well as those related to interme-
diate filament signaling (serine/threonine kinase STK33) in
KRAS-mutant leukemia cells (Fig. 6]; ref. 47). Top genes in the
mature metacluster for patient 17 included downregulation
of several major histocompatibility complex genes (e.g., CD74,
HLA-DQA1, and HLA-DPAI) with an increase in inflamma-
tory cytokines (CXCL8, CXCL2), whereas gene set enrichment
included proliferation-associated cell cycle (G2M_CHECK-
POINT) and DNA replication gene sets (E2F_TARGETS),
whereas interferon gene sets were enriched in MDS (Fig. 6K;
Supplementary Fig. S7A and S7B). The mature metacluster
for patient 3 showed an increase in inflammatory genes at
sAML, including IL1B, and enrichment of interferon gene sets
in the sAML sample, along with inflammatory and KRAS-
associated signaling gene sets (Supplementary Fig. S7C and
S7D). These data outline a framework for a personalized
analysis of transcriptional enrichment to discover potentially
critical pathways for disease progression.

<

DISCUSSION

Progression of MDS to sAML is a clinically devastating
event. Since the first fundamental studies demonstrated the
clonal origins of this transformation, the field has focused on
defining clonal populations with ever-increasing granularity
(10, 12, 13). Recent studies using scDNA-seq have focused
primarily on AML, demonstrating clonal architectures that
become progressively more complex as myeloid neoplasia
advances (15, 16). Here we dissect patterns of change in clonal
architecture and clonal evolution upon progression to SAML.
Our data document differing complexity in MDS clonal trans-
formation. Whereas some patients have relatively stable pat-
terns of clonal complexity, others show striking changes. The
former, which we refer to as the Static group, displays minimal
changes in architecture while still transforming to sAML,
suggesting that genomic evolution might not explain disease
progression entirely. Given that all of the samples in the Static
group had founder mutations in DNA methylation genes
(DNMT3A/TET2/IDHI/2), it is possible that changes in the
epigenome drive cell proliferation and accelerate blast growth
through progressively disrupted differentiation (48-50). In
contrast, the Dynamic groups possessed large clonal architec-
tural changes, with respect to either chromosomally-defined
(Dynamic-C group) or smaller variant-defined (Dynamic-S
group) clonal changes. With the Dynamic-S cases, the emer-
gent mutations tended to be those classically associated with
SAML and enriched for signaling effector mutations (12, 14).
These signaling effectors present potential therapeutic strate-
gies for this group. By contrast, the Dynamic-C group was
enriched for TP53 mutations and characterized by karyotypes
of increasing complexity during disease progression. These
changes do not present clear therapeutic targets given the
lack of specific mutations beyond TPS3. Although our analysis
identified that clonal architecture changes do not correlate
with survival, these genomic associations, namely, signaling
or TPS3 mutations within the dominant clone at SAML, did
associate with poor survival at sSAML. Though our multi-
variate model revealed significant effects, any survival effects
are limited here and would need to be confirmed in a larger
cohort. Ultimately, this study is limited by a small cohort size,
heterogeneous treatment, and the possibility that an ampli-
con panel would miss some driver mutations, due to either
technical limitations or simply not having a gene represented
on the panel. With respect to subclonal structure, we demon-
strated that RAS family mutations often occur in multiple
competing subclones, demonstrating convergent evolution.
This also raises the question about whether these subclones
enable the emergence or selection of similar clones.

We also examined the relationships between genotype
and phenotype in our cohort. In a subset of our cases, we
show that mutations are ubiquitous in primitive and mature

Figure 6. scRNA-seq of longitudinal samples identify transcriptional gene sets that accompany disease progression. A, Gene expression-derived
UMAP embedding of all cells from scRNA-seq of two samples from patient 17, clustered with HDBSCAN and then labeled by cell type according to
transcriptional signature. The dotted line encapsulates primitive and mature cells (for E, F). B, Number of cells per cluster shown and change from MDS to
sAML. C and D, UMAP and cluster distribution for patient 3 as in A-B. E and F, Cells mapped from each time point and patient separately with a depiction
of the creation of metaclusters that are either labeled primitive or mature. G, Differentially expressed genes for primitive metacluster for patient 17,
with selected top significant genes labeled. H, GSEA plots for patient 17 primitive metacluster. I, Differentially expressed genes for patient 3 primitive
metacluster. J, Patient 3 GSEA plots for primitive metacluster. K, Heatmap depicting differentially expressed genes across all metaclusters with heat

based on log, fold change increase.
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myeloid cells at SAML. We further show that lymphocytes may
possess mutations observed in myeloid cells, even those muta-
tions that are more prominent in sSAML. The mutational
involvement of lymphocytes indicates contribution by mutant
stem cell clones still capable of multilineage output in clonal
hematopoiesis. Although this has been observed by others
in myeloid malignancies and aplastic anemia, the implica-
tions for immune function have not been fully elucidated (9,
51-53). Confirming frequency and understanding whether
these mutated lymphocytes have some pathogenic or disease-
promoting effects are areas for future interest. Further, our
scRNA-seq analysis revealed gene expression associated with
disease progression. We identified downregulation of HLA
genes, upregulation of intermediate filaments, upregulation of
LILRB4, and inflammatory signaling as potential mechanisms
of transformation, which have been previously associated with
AML (41, 54, 55). Future analysis of larger scRNA-seq data sets
of SAML may further identify disease targets.

Despite the fact that approximately one third of patients
diagnosed with MDS will progress to sAML, there are few
therapies that alter this risk, and only a transplant offers a
chance at a cure (56). Deepening our understanding of this
disease progression by combining mutational identity, cellu-
lar phenotypes, and transcriptional signatures holds tremen-
dous promise to realize new therapeutic avenues, the hope
to identify preemptive measures that can prevent leukemic
transformation before it occurs.

METHODS

Reagents

Tapestri-related reagents, including AOCs, were purchased from
Mission Bio, Inc. Dextran sulfate was purchased from Research Prod-
ucts International. Custom oligonucleotides for i5/i7 indexing and
5’ Biotin were purchased from Integrated DNA Technologies (IDT).
Human TruStain FcX and Ampure XP beads were purchased from
BioLegend and Beckman Coulter, respectively. Streptavidin beads
and Dulbecco’s PBS were purchased from Thermo Fisher. Single-cell
RNA reagents were purchased from 10x Genomics. Custom myeloid
bulk DNA sequencing kits were purchased from Archer Dx.

Patient Samples

Patients included were diagnosed with MDS and progressed to
SAML between 2015 and 2019. Pathologic diagnosis of both MDS
and sAML was assigned according to the World Health Organization
criteria (57). Patients were enrolled via written informed consent for
sample collection, and bone marrow aspirates were collected at both
stages of disease and processed by the Hematologic Tissue Repository
at Vanderbilt University Medical Center (VUMC). Bone marrow mono-
nuclear cells were cryopreserved and stored in liquid nitrogen until
use. All patient tissue and data were obtained with written informed
consent and used according to the protocol approved by the local
Institutional Review Board and conducted in accordance with the ethi-
cal standards of the institution and with the Declaration of Helsinki.

Sample Preparation, Library Generation, and Sequencing

scDNA-seq. Single-cell library DNA prep was performed using
the Tapestri platform and reagents (MissionBio) according to the
manufacturer’s instructions. Briefly, cryopreserved cells were thawed,
washed with PBS, and manually counted using a hemocytometer.
Cells were normalized to 5,000 cells/uL using a Cell Buffer (Mission-
Bio). Next, samples were loaded into a microfluidics cartridge where

individual cells in conjunction with lysis buffer were encapsulated
into water-in-oil droplets using the Tapestri instrument. Encapsu-
lated cells were tagged with a unique barcode, and the DNA from
barcoded cells was amplified via multiplex PCR using a targeted
myeloid panel that included 312 amplicons across 47 genes known to
be associated with myeloid malignancies (Supplementary Tables S9
and S10). Next, amplified cellular DNA was released from individual
oil droplets and purified using Ampure XP beads (Beckman Coulter).
Libraries were generated by incorporating dual i5/i7 indices and
library template (MissionBio) with the purified PCR products dur-
ing a second PCR and purified again with Ampure XP beads. The
final product was quantified via Qubit fluorometer (Thermo Fisher)
and assessed for quality using an Agilent Bioanalyzer. Samples were
pooled prior to sequencing with a 25% spike-in of PhiX and run on a
NovaSeq 6000 (Illumina) S4 flow cell to generate 150 bp paired-end
reads. Sequencing was performed at the Vanderbilt Technologies for
Advanced Genomics (VANTAGE) sequencing core.

scDNA-seq with Antibody-Olig leotide Conjugates. Samples
for combined AOC-based protein detection were prepared in the
same manner as described above with the following modifications.
Cells were normalized to 10,000 cells/uL in 100 puL and incubated
with 10 mg/mL dextran sulfate (Research Products International),
Human TruStain FcX (BioLegend), and 1x staining buffer (Mission-
Bio) for 3 minutes at ambient temperature. Next, cells were stained
with a combination of 13 AOCs (Supplementary Table S8; Mission-
Bio) for 30 minutes at ambient temperature. Following staining, cells
were washed three times in Dulbecco’s PBS (Gibco), recounted, and
processed as above with the addition of adding 2 pmol/L antibody
tag forward primer (Tapestri) prior to the barcoding step. DNA
libraries were prepared and purified as above. Protein PCR products,
which exist in the supernatant from the Ampure XP bead purifica-
tion step, were isolated by a 5-minute incubation with 2 pL 5" Biotin
Oligo (IDT) for 5 minutes at 96°C, followed by a 5-minute incubation
on ice. Isolated proteins were washed using 2x binding and wash-
ing buffer (10 mmol/L Tris-HCL, 1 mmol/L EDTA, 2 M NaCl) and
streptavidin beads (Thermo Fisher). Protein libraries were generated
using the washed proteins, library template (MissionBio), and i5/i7
indices (IDT) via PCR. The protein library PCR product was cleaned
again using Ampure XP beads. Both DNA and protein libraries were
quantified, quality checked, and sequenced as above.

scRNA-seq. scRNA-seq libraries were created from viable patient-
derived samples using the 10X Chromium §’ library (patient 17) or
10X Chromium 3’ v1 (patient 3) preparation kits (10X Genomics)
using the manufacturer’s recommendations and targeting 10,000
cells per sample. Next-generation 150 nt paired-end sequencing was
performed on an Illumina Novaseq6000. Low quality reads were fil-
tered out and CellRanger Count v3.1 (patient 17) or v6.1 (patient 3)
(10X Genomics) was used to align reads onto the GRCh38 reference
genome. Downstream analysis was performed as below.

Bulk DNA-seq. Bulk sequencing from clinical sample sequencing
was used when available to corroborate variants. When available, clini-
cal bulk-sequencing results were used. In instances where this testing
was not performed and remaining patient cells existed, Archer Dx
kits were used to perform bulk-sequencing sample prep and library
generation as described previously (Supplementary Table S11; ref. 58).

Data Analysis

Pipeline Processing and Variant Filtering. FASTQ files from
single-cell DNA samples were processed via the Tapestri Pipeline
v1.8.4. Adapters were trimmed using Cutadapt (59, 60), and reads
longer than 30 nt were aligned to the hgl9 reference genome with
BWA-MEM (61). Cells were then called based on amplicon-read
completeness in each barcode. Variants were called using GATK 3.7
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(62) with a joint-calling approach that follows GATK best practices
(63, 64). Then, the variant lists were decomposed, filtered, and the
genotype/cell matrix loaded into the Tapestri Insights software pack-
age (v.2.2) where low-quality cells and variants were removed based
on genotype quality score <30, variants genotyped in <50% of cells,
read depth <10 reads, cells with <50% of genotypes present, cells
with genotypes of <20% alternate allele frequencies, and variants
mutated in <0.5% of cells. For some pathogenic mutations that were
poorly genotyped, e.g., IDH2R172 and SRSF2P95, we had to lower the
“exclude variants genotyped in <50% of cells” parameter to exclude
variants genotyped in <20% of cells. Using five apparent heterozy-
gous germline variants in each sample, the allele dropout (ADO) was
calculated using the following formula for each of the five variants:
[(# of wild-type cells + # of homozygous cells)/total number of cells
genotyped] x 100 (Supplementary Table S3). The data were further
analyzed in R, including the Tapestri package.

Mutational and Clonal Analysis. Variants filtered as above were then
assessed for known pathogenicity or likely pathogenicity via ClinVar
and Varsome databases (65, 66). Nonintronic, previously identified
somatic variants were included in clonal analyses. The clonal archi-
tecture of each sample was determined using genotype clustering and
zygosity information in Tapestri Insights (Mission Bio). Serial samples
from an individual patient (MDS and sAML samples) were analyzed
concurrently and compared to determine clonal progression. Clones
with <10 cells were excluded unless the same clone was also observed at
another time point in the same patient. Oncoprints were constructed
from sample-level and cell-level variant information using the R Com-
plexHeatmap package (67). Set interaction analysis was visualized with
the UpSetR package (68). Clonal prevalence plots of the temporal clonal
evolution data were generated from clonal phylogeny and clonal preva-
lence at MDS and sAML time points using the Timescape package (69).

Single-Cell Protein Analysis. FASTQ files from single-cell protein
samples were processed by Mission Bio. The input FASTQ files were
first validated to identify the run chemistry and check the sequence
quality using the fastp tool (70). Adapters were trimmed and short
reads were removed. Next, PCR handle and capture sequences were
trimmed, and the antibody barcodes were extracted from R2 reads
and corrected using the error correction map. Output count files were
then generated. For the three patients for whom we also had antibody
barcoding data (patients 14, 17, and 18), we explored the intersect of
genotype call and protein marker identity, following centered log-ratio
transformation of the multiomics data derived from the same barcodes.

s¢cRNA-seq Analysis. scRNA-seq data were obtained from a 10X
Genomics Chromium-based CITE-Seq experiment. After processing
via Cell Ranger, two samples from patient 17 yielded a combined
9,606 cells and 33,538 genes. The data were filtered in Seurat to
include at least 500 RNA molecules per cell, at least 250 genes per cell,
at least 0.8 of the log;, value of genes per UMI (log;,GenesPerUMI),
and a proportion of transcripts mapping to mitochondrial genes less
than 15%. Only genes that had a nonzero expression value in at least
10 cells were preserved, resulting in a final darta set of 6,863 cells and
15,359 genes. Samples from patient 3 were demultiplexed and fil-
tered using the same parameters as the patient 17 analysis, resulting
in a final data set of 7,100 cells and 18,099 genes.

The sample-level data were normalized using the SCTransform
method (71), which utilizes a regularized negative binomial regres-
sion for normalization and variance stabilization. Furthermore, it
estimates the variance of the raw filtered data, identifies the most
variable genes, and regresses out mitochondrial mapping contribu-
tion as a confounding source of variation. After review, the UMAP
embeddings of the normalized data revealed a misalignment of the
two samples. We, therefore, integrated the data sets using Seurat’s
canonical correlation analysis method (72), using the top 5,000 fea-
tures as the integration selection. Standard exploratory data analysis

methods were used to identify cell populations and quantify gene-
expression differences between these populations.

Pseudo-Bulk Differential Gene-Expression Analysis. 'To mitigate the
effects of false discoveries and bias toward highly expressed genes in
single-cell DE analysis methods, we opted for a pseudo-bulk method
(73). For patients 3 and 17 single-cell data, cells associated with primi-
tive and mature myeloid clusters were split by condition (MDS and
SAML) resulting in patient-specific single-cell data sets: primitive-
MDS, primitive-sAML, mature-MDS, and mature-sAML. For each data
set, we generated pseudo-samples by applying a binomial distribution
to randomly distribute single cells into sample groups. Then, for each
sample group, the raw counts per gene were summed to generate an
ensemble of pseudo-bulk input files. Per patient, we applied DESeq2,
to independently study the differential gene expression of sSAML versus
MDS, for primitive and mature cell populations (74).

GSEA. GSEA was performed using Fast GSEA using preranked
lists and Molecular Signatures Database v7.1 Hallmark gene sets,
which represent well-defined biological states or processes (75, 76).
The preranked lists were generated from the fold change and adjusted
P-value results of the DESeq2-derived differentially expressed genes
between sAML and MDS, on a per patient and metacluster basis.

Statistical Analysis

Statistical significance was set at P < 0.05. For pairwise compari-
sons, we used a two-sided Student ¢ test or Wilcoxon rank-sum test
as indicated. For comparison of multiple groups, we used a one-way
analysis of variance test in R. To evaluate nonrandom associations of
mutational identities in the three pattern groups, we used a Fisher
exact test. Kaplan-Meier plots and Cox proportional hazard modeling
were done in R using packages survival (https://github.com/therneau/
survival) and survminer (https://github.com/kassambara/survminer).
The Shannon diversity index was calculated as described previously
using clone identity and number for each sample in place of species
(77). Plots were created using the packages dplyr, tidyr, ggpubr, and
ggplot2 in R (version 4.1.0) within RStudio (version 1.4.1717; ref. 78).
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